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Research on commute mode choice investigates the characteristics of commuting, demographics, 
psychosocial variables (e.g., family demands), and work that influence these choices. Similarly, 
research on physical activity, as it relates to active commute modes such as cycling and walking, 
study the benefits of these mode choices on individual well-being and work outcomes such as 
job performance. However, a relative dearth of focus exists in the literature that examines how 
characteristics of work, home, and commuting  interact to explain commute mode choices, well-
being, and work behavior. These characteristics may have independent, integrative, and/or 
additive effects on commute mode choice, well-being, and behavior at work and home. To 
address this gap in the literature, we conducted two studies.  
 
In Study 1, we drew on commute mode-choice literature and psychological theory to define the 
pertinent work, home, and commute characteristics that influence mode choice. We 
conceptualized commute mode in three ways—automobile (driving, carpool, etc.); public 
transportation (bus, train, subway, etc); and active (walking or bicycling). Using nationally 
representative census data, we devised a series of multinomial, logistic regression models to 
predict the probability of choosing each commute mode. We controlled for the extraneous 
influence of factors not of interest such as whether these decisions occurred in a metropolitan 
area. Results showed that the best model(s) included work, home, and commute characteristics in 
additive and interactive fashion such that each domain exerted its own pertinent effect on mode 
choice and the interactions between these domains explained significant variance in the 
probability of choosing one commute mode or another. We discussed implications of our results 
for the transportation and psychology literature. 
 
In Study 2, we drew on theory and empirical evidence relevant to physical activity on stress, 
coping, and work behavior. We dichotomized commute mode choice into two groups—non-
active commuters (drivers) and active commuters (cycling or walking that meets physical 
activity recommendations). Using cortisol and survey data collected daily over a workweek, we 
analyzed whether work and family stressors (sources of stress) and stress levels differed across 
mode choice on an intra- and inter-individual basis. We tested these relationships using 
multilevel modeling. Results showed some evidence that commute mode choice influences 
overall stress levels, work-to-family conflict, family-to-work conflict, job stress, and general life 
stress. We discussed implications of our results for the psychology, health science, and exercise 
science literature. 
 
Overall, the analyses suggest that multiple life domains add to and interact to explain commute 
mode choice and that these choices indeed carry implications for commuters’ work and well-










Commute modes—automobile (Auto), public transportation (PT), cycling/walking (active 
commute or AC)—and their characteristics hold implications for employee well-being, such as 
perceived stress and salivary cortisol (Evans & Wener, 2006); self-rated health and BMI 
(Berglund, Lytsy & Westerling, 2016; Oliveira, Moura, Viana, Tigre & Sampaio, 2015); chronic 
disease (Bopp, Kazczynski & Campbell, 2013); and work outcomes, such as task performance 
(Evans & Wener, 2006) and employee turnover (Faulk & Hicks, 2016).  Given the health and 
work outcomes of commute mode, a nuanced understanding of why people choose one or 
another seems imperative. 
 
Research in transportation, public affairs, and urban planning largely investigates mode choice 
stemming from commute characteristics, and to a lesser extent work and family characteristics, 
and reveal practical ways employers might leverage less detrimental modes of commuting.  
Examples of commuting characteristics that influence various mode choices include distance 
(Heinen, Maat & Van Wee, 2013); duration (Bopp et al., 2015; Kaczynski, Bopp & Wittman, 
2012); infrastructure (Broach, 2016; Chen, Gong & Paaswell, 2008); and weather (Heinen, Maat 
& Van Wee, 2011).  Family demands include marital/cohabitation status and age/number of 
children (Bopp et al., 2015); life situation (i.e., newer vs. older family (Scheiner & Holz-Rau, 
2007)); and work demands including job changes (Clark, Chatterjee & Melia, 2016), work hours 
(Bopp et al., 2015), and clothing requirements (Heinen et al., 2013). Whereas potentially helpful 
infrastructure investments in PT (Faulks & Hicks, 2016) and AC accessibility (Broach, 2016) lie 
beyond employer control, employers increase the likelihood of AC by providing changing 
rooms, indoor bike-racks, and promoting pro-AC cultures and attitudes. 
 
However, transportation studies of commute mode choice largely rely on models devised from 
decision making theories (e.g. Busemeyer & Townsend, 1993; Mcfadden, 1974; Stern & 
Richardson, 2005), ignore other psychological perspectives  (for exceptions see Collins & 
Chambers, 2005 and Scheiner & Holz-Rau, 2007), and lack analyses that investigate how 
different domains (work, family, commute)uniquely influence and/or interact to explain them.  
Research in this regard could provide wider and deeper theoretical knowledge and practical 
directions to address health and work outcomes of commute modes.  The present research 
addresses this gap by integrating transportation paradigms with psychological principles.  The 
authors draw on activity-based models of mode choice (see Chu, Cheng & Chen, 2012) and 
conservation of resources theory (COR; Hobfoll, 1989). That is, when commute, family, and 
work activities are more demanding (e.g. longer hours) people choose less demanding modes, 
and work or family demands compound the influence of commuting (Figure 1).  Hence, from 






Figure 1.  Overall conceptual model  
1.2 DATA 
 
Three years of a nationally representative survey—American Time-Use Survey (ATUS; Bureau 
of Labor Statistics, 2010, 2012, 2013)—were selected for the presence of focal variables and 
compiled (n = 2665).  We defined individual mode choice as the dominant mode (longest 
duration) used for home-to-work commute and commute demand as total duration of the day’s 
commute relative to the respondents’ comparator estimates (intersection density, distance to 
transit stops, etc.; U.S. Census Bureau, 2014) for the modes not chosen. Variables are defined 
and described in Table 1. 
 
Table 1  
We chose these variables mainly based on the research from the transportation and psychology 
literature (e.g., Blanch & Aluga, 2012; Gilboa et al., 2008; Hammer et al., 2005; Li et al., 2002; 
Novaco et al., 1990; Rimmele et al., 2007; Smith, 2013; Wener and Evans, 2011; Yang et al., 
2012). For example, prior research in the transportation literature has identified objective (e.g., 
objective impedance like commuting distance and time) and subjective (e.g., feelings of irritation 
and frustration) stress factors during commutes that can explain travel mode choice better than 
factors like occupation and parking conditions (e.g., Li et al., 2002; Novaco et al., 1990; Wener 
and Evans, 2011). Based on the literature in work psychology, work demands (e.g., long work 
hours, work overload) have been shown to be a very common and consequential stressor around 
the globe (Yang et al., 2012).  Variables describing the characteristics of the individual are 
divided into six components (i.e., W, F, D, Q, M, X) to simply the explanation of the 





Table 1  
Study 1: MNL modeling components 






Duration of work (hours) 
Change of duties (binary) 
Work full/part time (binary) 
One or multiple jobs (binary) 
Fi: respondent 
family demands1 
Participant has a spouse (binary) 
Participant’s spouse is employed (binary)4 
Number of children under 18 in the household 
Duration of time spent caring for children (hours) 
Respondent spent time caring for an adult (binary) 
Average age of all of the household’s children, whether or not they live 
in the same household as the respondent 






the respondent or 
the respondent’s 
household 
Gender of respondent (binary) 
Household income ($10,000) per household member 
Age of respondent 
Respondent is currently a student (binary) 
Respondent has, in some part, a college education (binary) 
Race of respondent, white (binary) 
Race of respondent, black (binary) 




Year of diary (categorical: 2010, 2012, 2013) 
Diary day on a weekend (binary) 
Diary completed on a holiday (binary) 
Diary completed during the winter months (November – February) 
Mi: locational 
descriptors of the 
home-location 
context 
Home state (dummy variables) 
Home is located in metropolitan area (binary) 
Built environment and accessibility2,3 
Average census block group (CBG) pedestrian intersection density 
(intersections per square mile) 
Average total CBG jobs within a 45-minute auto travel time (jobs) 
Average total CBG jobs within a 45-minute transit travel time (jobs) 
Average distance from population-weighted centroid of CBG to 






Commute travel time (hours)5 
1 Variables in matrices W and F describe activities on survey day, unless otherwise defined. 
2 Measures of the built environment are summarized from the Environmental Protection Agency’s Smart 
Location Database (SLDB). Variables described are computed for the state of the respondent’s home location, 
depending on whether the location was indicated as being inside and outside a metropolitan statistical area. 
Because variables in the SLDB are defined by the census block group geography, averaged measures reflect the 
average block group value observed in a given state and metro/non-metro designation. 
3 Measures were scaled.  
4 This variable only pertains  to those who have a spouse; interpretation of this variable is that the employment of 
the spouse (binary) is interacted with whether the respondent has a spouse (binary). 5 To estimate the duration of 
modes not taken, we calculated a look-up table of average travel times for commutes by car, transit, or active 
modes using the 2014 five-year American Community Survey (ACS)—specifically table B08134: Means of 
transportation to work by travel time to work. Frequency distributions for each state area at a county level were 
segmented into two categories: metropolitan statistical areas (MSAs) and not MSAs. Distributions were used to 
calculate average travel times for each mode. Values for duration, in hours, for the respondent’s commute 







To examine these relationships, we use a multinomial logit (MNL) model that employs a utility-
based approach. A MNL approach allows the analyst to examine the trade-offs individuals make 
when evaluating multiple alternatives. In this analysis, we focus on the commute mode choice 
from home to work. In this method, the probability that an individual will elect to take a given 
mode alternative can be expressed as (Ben-Akiva & Lerman, 1985): 
 




Which is to say, the probability that individual, i, chooses alternative, t, can be expressed using 
the exponent of the systematic component of utility, 𝑈𝑈𝑖𝑖𝑖𝑖, for the given alternative, t, divided by 
the sum of all alternatives, j, in the choice set, 𝐶𝐶𝑖𝑖. The choice set in this analysis includes three 
modes: (1) drive (alone or as a passenger), transit (all modes), and (3) active (bicycle and 
walking) modes. In this manuscript, we assume that every respondent has the full suite of 
alternatives available to them: drive, transit, or active modes. The utility, 𝑈𝑈𝑖𝑖𝑖𝑖, can then be 
decomposed into two components, as described in Koppelman and Bhat (2006): (1) the 
systematic or observable portion of utility from alternative, t, for individual, i, and; (2) the 
portion of utility that is unknown to analysts or the error, 𝜀𝜀𝑖𝑖𝑖𝑖: 
 
Equation 2               Uit = Vit + εit.  ............................................................................................................ 
 
Furthermore, the systematic component, 𝑽𝑽𝒊𝒊𝒊𝒊, of utility can be decomposed into three portions 
associated with either: (1) characteristics of the individual, 𝑫𝑫𝒊𝒊; (2) attributes of the alternatives, 
𝑿𝑿𝒊𝒊, and; (3) interactions between characteristics of the individual and attributes of the 
alternatives, 𝑫𝑫𝒊𝒊 and 𝑿𝑿𝒊𝒊. The specification of this deterministic component of utility can then be 
expressed as (Koppelman & Bhat, 2006): 
 
Equation 3                Vti = V(𝐃𝐃𝐢𝐢) + V(𝐗𝐗𝐭𝐭) + V(𝐃𝐃𝐢𝐢,𝐗𝐗𝐭𝐭).  ..........................................................  
The variables defining the attributes of the alternatives, 𝑿𝑿𝒊𝒊, are limited. In this analysis, we 
consider the commute travel time burden (in minutes) of respondents recorded on the day of their 
survey. The variables defining the characteristics of the individual, 𝑫𝑫𝒊𝒊, can be segmented into 
four separate matrices, as described previously in Table 1.  
Since we will be examining the ATUS, a national survey, we will explore the mode choice of 
individuals living in a broad range of contexts, both urban and rural, throughout the United 
States. Additionally, the ATUS masks the geographical location of households to the state level 
(with some indication of whether the household is located inside or outside a metropolitan 
statistical area), which constrains the ability to provide robust descriptions of the environment, 
including destination and transportation accessibilities or qualities. In other words, the masking 
of the geographical location produces a multilevel nesting of households within states. While we 
provide a few select state-level location variables (component M, as described in Table 1), we 
control for the multilevel nature of this hierarchical structure by introducing dummy variables for 





Five models were estimated to examine each of the research questions; the systematic 
components, V, of each model for alternative, t, and individual, i, were estimated using 
covariates for the respondent’s sociodemographic, Di, the respondent’s home location, Mi, the 
timing of the diary day, Qi (each of which are described in Table 1).  In Model 1 we introduce 
the alternative-specific commute duration, Xt, and compare against Model 0. Models 2 and 3 test 
the contribution of workloads, Wi, on mode choice alone and interacted with commute loads 
(respectively) and compared against Model 1. Models 4 and 5 test the contribution of family 
loads, Fi, on mode choice, first alone and then interacted with commute loads (respectively) and 
compared against Model 1. The mathematical specifications are identified in Table 2. A Log-
likelihood Ratio Test is applied between each restricted and unrestricted model set to identify 
significance improvements (e.g., Model 1 versus 0; 2 versus 1) and are included in Table 3 in the 
following section.  
 
Table 2 Study 1: MNL modeling equations and comparison tests 
Model 0 ...................................................................................... Vti = βDDi + βMMi + βQQi 
Model 1 ......................................................................... Vti = βDDi + βMMi + βQQi + βXXt 
Model 2 .......................................................... Vti = βDDi + βMMi + βQQi + βWWi  + βXXt 
Model 3 ...................................Vti = βDDi + βMMi + βQQi + βWWi  + βXXt + βWX(WiXt) 
Model 4 ............................................................. Vti = βDDi + βMMi + βQQi + βFFi + βXXt 
Model 5 ........................................ Vti = βDDi + βMMi + βQQi + βFFi + βXXt + βFX(FiXt) 
 
Note. i = Characteristic of the individual, Wi = Work demands, Fi = Family demands, 
Xt = Commute demands, Di =  Sociodemographic controls, Mi = Location descriptors,  
Qi = Diary day 
 
1.3.1 DURATION OF MODE NOT TAKEN 
While we selected the ATUS for this analysis because of the survey components capturing 
perceptions of wellness, this dataset is not without limitations. In particular, the most refined 
geographical scale provided for home locations are at a state level with a metropolitan statistical 
area (MSA) status or non-MSA status indicator. This reduces our ability to control for variations 
in urban context that may relate to the accessibility of specific mode choices, as well as the 
demand—in this case, duration—of the alternative mode not taken.  
 
The ATUS data provide the duration for the mode used for travel. To estimate mode-choice 
models, it is necessary to have the information for duration for mode-not-chosen too, in addition 
to the availability of these non-chosen modes. However, given the limitation in ATUS data, we 
impute the duration of non-chosen modes using the National Household Travel Survey (NHTS) 
data. We summarize the NHTS commuting time by state, MSA status, and mode and look up the 
duration for non-chosen modes for each survey respondent in ATUS for the matched state, MSA 
status, and mode. This may not be the actual travel duration for the non-chosen modes for each 
survey respondent, but it may be the best information available given the limited information for 





This approach of imputation for the duration of mode not taken is not without limitations. The 
ATUS was selected because of its inclusion of more rigorous measures of work and home 
characteristics and the additional data collected from a subset of individuals that provide 
additional information about the stress levels of that individual. The trade-off here is that the 
ATUS masks the individual’s locational information by large aggregations. While a typical 
approach in travel behavior literature would be to control for urban form at a local level 
(Euclidean or network buffer around work and/or home locations), the use of ATUS does not 
provide this level of resolution. Instead, we control for these large regional differences using 
dummy variable. The high-level spatial aggregation of these variables may introduce additional 
error since the variation of urban form within each area (state non-MPO and state MPO) is large. 
 
1.4 RESULTS 
Full variable lists and descriptive statistics can be seen in Appendix 1. All five estimated models 
are shown in the following Table 3. For parsimony, we include only those variables indicated as 
being marginally significant (p ≤ 0.20). In terms of model performance, using the Log-
Likelihood Ratio Tests we determine that Model 5 (Including Family interacted with Commute 
demand) explained significantly higher variation than Model 4 (without the interaction). Both 
Model 2 and Model 4 explain significantly higher variation than Model 1, suggesting the 
addition of work demands or family demands indicates a significant improvement in explaining 
mode choice. Lastly, the results did not indicate a significant improvement in the model when 
introducing work demands interacted with commute demands (Model 3), compared with work 
and commute demands as individual variables (Model 2).  
 
Following, we will explore Model 5, which considers the relationship between family demands 
and commute demands, as individual and interacted variables. Because this study focuses on the 
compounded relationship between family demands and commute characteristics, we focus on 
these interacted variables. The results indicate a significant decrease in utility for taking transit 
with increases in commute duration and time spent in adult homecare, suggesting the 
compounded time requirements make transit less attractive for these households.  
 
The number of children in the households is correlated with higher utility for taking transit, 
suggesting more children may increase the attractiveness of transit. Moreover, when households 
have older children, and the observed individual has a longer commute duration, the results 
indicate a positive and significant relationship with increased utility to drive. Households with 
childcare duties are also less likely to be attracted to transit (decreased utility for transit) when 
the commute time increases. Individuals with spouses are more likely to have higher utility in the 
transit mode choice—and even more in driving mode—if there is an increase in commute 
duration. However, if those spouses are employed and the commute duration increases, the 
results indicate a significant negative relationship with drive utility.  
 
Several of these findings may be an artifact from using the ATUS data, which does not provide 
information about vehicle ownership, which is often correlated with income, life stage, 
household size and --another limitation of this data. The authors urge caution in interpreting the 
effect size of these variables—specifically due to the limitations of ATUS as used for mode-
choice models as mentioned previously (e.g., aggregation of spatial locations). However, the 




building process)—particularly where family demands are interacted with commute demands—
suggest that the decision of commute mode is a complex one. The factors that influence the 
attractiveness of each mode vary and do not appear to be consistent across modes; for example, 
commute duration interacted with number of kids is significantly related to the increase in transit 
utility, but the average age of the kids interacted with commute duration is significantly related 
to an increase in drive utility. Original data collection oriented at addressing these differential 





Table 3.       
Mode  choice multinomial model results 
 Model 0 Model 1 Model 2 Model 3 Model 4 Model 5 
Log-Likelihood (Null) -624.07 -624.07 -624.07 -624.07 -624.07 -624.07 
Log-Likelihood (Beta) -481.42 -407.8 -397.42 -394.78 -387.54 -372.51 
Rho2 0.23 0.35 0.36 0.37 0.38 0.4 
Rho2 Adjusted 0.01 0.12 0.13 0.11 0.13 0.13 
McFadden's R2 0.23 0.35 0.36 0.37 0.38 0.4 
Responses (N) 2665 2665 2665 2665 2665 2665  
Estimate | t-statistic  
-3.49 -2.18* -3.14 -1.91. --- --- -2.76 -1.43 -2.62 -1.56 -3.47 -2.02* 
D: Person   
           
Gender 
            
  Active -0.48 -1.84. -0.6 -2.22* -0.75 -2.68** -0.79 -2.76** -0.81 -2.75** -0.81 -2.72** 
  Transit -0.7 -2.33* -0.65 -1.94. -0.65 -1.87. -0.7 -1.98* -0.54 -1.51 -0.55 -1.51 
Income: Active --- --- --- --- --- --- --- --- -0.1 -1.61 -0.11 -1.67. 
Age 
            
  Active --- --- --- --- --- --- --- --- --- --- --- --- 
  Transit -0.04 -3.4** -0.04 -2.84** -0.04 -3.03** -0.04 -2.97** -0.03 -1.75. -0.03 -1.85. 
Student: Transit -1.62 -1.55 --- --- -1.54 -1.37 -1.51 -1.34 -1.53 -1.4 -1.58 -1.45 
Highschool:  Active -0.57 -2.05* -0.53 -1.81. -0.54 -1.8. -0.54 -1.8. -0.41 -1.35 --- --- 
Race/Ethnicity 
            
  White: Transit -0.69 -1.34 -0.96 -1.65. -1.05 -1.77. -1.16 -1.95. -1.23 -2.04* -1.37 -2.08* 
  Black: Transit 1 1.78. --- --- --- --- --- --- --- --- --- --- 
  Hispanic: Transit 1.17 2.81** 1.36 2.9** 1.39 2.85** 1.47 2.97** 1.2 2.44* 1.18 2.28* 
M: Location                         
Destination Accessibility 
           
  Transit --- --- --- --- --- --- --- --- --- --- 5.15 1.32 
  Active -0.63 -1.3 -0.65 -1.3 -0.68 -1.38 -0.66 -1.32 --- --- --- --- 
Intersection Density 
            
  Transit --- --- --- --- --- --- --- --- --- --- 11.98 1.47 
Note: *** p-value < 0.001; ** p-value < 0.01; * p-value < 0.05; . p-value < 0.1; all other variables included are marginally significant (p-value < 0.2); "---" 
variable is not signficiant (p-value ≥ 0.2). 




 Model 0 Model 1 Model 2 Model 3 Model 4 Model 5 
 Estimate | t-statistic 
Q: Diary Day                          
  2012: Active -0.43 -1.48 --- --- --- --- --- --- --- --- -0.47 -1.45 
  2013: Active -0.51 -1.6 --- --- --- --- --- --- --- --- --- --- 
  2013: Transit 0.65 1.82. 0.65 1.64 0.55 1.35 0.58 1.41 0.68 1.6 0.63 1.42 
Winter 
            
  Active 0.42 1.31 0.48 1.42 0.51 1.49 0.54 1.57 0.52 1.51 0.55 1.56 
  Transit 0.58 1.69. --- --- 0.55 1.35 0.54 1.32 0.64 1.56 --- --- 
W: Work Demands                         
Job Duties Change 
            
  Active 
    
1.44 2.64** --- --- 
    
Works Full Time  
            
  Transit 
    
-0.72 -1.44 --- --- 
    
Duration of Work 
            
  Active 
    
-0.13 -2.16* --- --- 
    
  Transit 
    
0.11 1.38 --- --- 
    
Multiple Jobs 
            
  Transit 
    
-1.47 -1.74. --- --- 
    
F: Family Demands                         
Spouse: Active 
        
-1.27 -2.52* --- --- 
Spouse is Employed 
            
  Active 
        
0.67 1.33 --- --- 
Number of Kids 
            
  Transit 
        
--- --- -0.96 -1.42 
Child Average Age 
            
  Active 
        
-0.06 -2.16* --- --- 
  Transit 
        
-0.08 -2.42* --- --- 
Homecare 
            
  Active 
        
--- --- 0.34 1.66. 
  Transit 
        
--- --- --- --- 
Childcare 
            
  Active 
        
0.1 1.63 --- --- 
  Transit 
        
-0.26 -1.86. --- --- 
Adultcare: Transit 
        
-1.27 -1.45 -1.54 -1.56 




 Model 0 Model 1 Model 2 Model 3 Model 4 Model 5 
 Estimate | t-statistic 
X: Alternatives                        
Commute Duration 
            
  Drive 
  
2.41 6.56 2.44 6.53 --- --- 2.35 6.27 1.17 2.27 
  Active 
  
1.77 5.19 1.79 5.13 2.6 2.23 1.81 5.03 2.33 3.94 
  Transit 
  
1.53 5.75 1.58 5.73 --- --- 1.65 5.58 1.09 2.47 
W*X: Commute Duration                        
Work Duration 
            
  Drive 
      
--- --- 
    
  Active 
      
--- --- 
    
Job Duties Change 
            
  Active 
      
--- --- 
    
F*X: Commute Duration                        
Homecare 
            
  Drive 
          
--- --- 
  Active 
          
--- --- 
  Transit 
          
-0.32 -1.33 
Number of Kids 
            
  Transit 
          
0.88 2.08* 
Child Average Age 
            
  Drive 
          
0.13 1.33 
Spouse 
            
  Drive 
          
3.94 1.86. 
  Transit 
          
1.86 1.83. 
Spouse is Employed 
            
  Drive 
          
-3.4 -1.61 
  Transit 
          
--- --- 
Childcare: Transit 
          
-0.51 -1.92. 
Log-Likelihood Ratio Tests  χ2 (df) p-value 
compare with M0 
 
147.2 (3) < 0.001 
     
compare with M1 
    
20.8 (8) <  0.01 
 
40.52 (14) < 0.001 
  
compare with M2 
      
5.3 (12) p=0.948 
    
compare with M4     
        
30.07 (18) p<0.05  





1.5 SUPPLEMENTAL ANALYSES 
 
As part of our original design, a secondary analysis was prepared to compare the hypothesized 
relationships from the general population to a specific population of those having low social 
economic status (SES). To define this population U.S. Department of Health & Human Services 
(2017) concepts were used to specify any individual having an income below approximately 
$12,000 dollars per year or any household having less than approximately $4,200 per additional 
household member.  This resulted in a sample that was too small to run our MNL models for 
comparison (n = 191).  However, a set of descriptive statistics and correlations were run for 
comparison purposes (Appendix 2).  Notably, the market share for Auto, Transit, and Active are 
considerably different at .95, .02, .03, in general, compared to .84, .09, .06, for those below the 
poverty line, respectively.  In addition, the correlations between race and mode choice increased 
markedly for those below the poverty line such that Caucasian was positively associated to Auto 
and negatively associated to Transit and Active (r = .20, -.14, -.13), and Black showed an 
opposite pattern (r = -.22, .16, .14).  This was a steep increase compared to the general 
population (r = .06, -.09, .01, n.s. and -.07, .09, .00, n.s.). Full descriptive results are shown in 
Appendix 2. 
 
1.6 CONCLUSIONS AND DISCUSSION   
 
Although not all models isolating individual components of interest showed incremental validity, 
our results did show some promising findings that are consistent with our theoretical 
propositions. For example, Model 2 had incremental validity than Model 1, suggesting that it is 
important to take into account work characteristics in addition to commute characteristics in 
predicting mode choice. As another example, Model 5 had incremental validity than Model 4, 
suggesting that the joint (interaction) effect of family and commute characteristics can be 
meaningful in increasing the validity of the mode choice model. The fact that an exhaustive 
model including work, family, commute demands, and their interactions accounted for the most 
variance highlights the important interplay among these components when predicting commute 
decisions.  Furthermore, the results are limited by the number of location controls and imprecise 
comparator estimates.  However, the results carry practical implications.  Employer efforts to 
provide and promote active-commute friendly environments might benefit from considering 
family/work by commute interactions; including family and/or work considerations in active-
commute promotion signs, for instance, may prove useful. Future research should consider more 
refined comparator estimates of mode-not-taken in a multilevel model to improve precision and 










Despite the significant benefits of exercise, less than half of the U.S. adult population meets the 
Center for Disease Control’s aerobic Physical Activity Guidelines (CDC, 2011a).  Lack of time 
is the most common reason given for not exercising.  Active commuting (e.g., walking, 
bicycling) is a potential solution to this dilemma, because people can meet the aerobic activity 
recommendations during the time that they would normally be sedentary.  Some empirical 
evidence suggests that active commuting may also improve well-being, and may have numerous 
potential physical health benefits (e.g., Karasek & Krausz, 1990; Robinson, 1991; Koslowosky et 
al., 1993; Morris et al., 1990).  The timing of active commuting may provide additional physical 
and mental health benefits by buffering against the harmful effects of family-to-work conflict 
(FWC; when family life influences work activity), job stress, and work-to-family conflict (WFC; 
when work life influences family activity).  However, active commuting rates are relatively low 
(Hu & Reuscher, 2004), and the potential benefits of active commuting have not been fully 
explored.  For example, exercise is related to improvements in cognitive functioning, mood, and 
attention (Kouvonen et al., 2005; Dunn et al., 2005), and the timing of active commuting may 
therefore increase work engagement or facilitate recovery from work in the evening.  Active 
commuting also has the potential to mediate or moderate the relationship between stressors and 
strain.  The purpose of this study is to evaluate the effects of active commuting on psychosocial 
outcomes at work and at home, along with daily cortisol profiles. 
 
We hypothesized that active commuters have lower FWC, WFC, job stress, and general stress 
than non-active commuters. We hypothesize that active and non-active commuters have different 
cortisol profiles. We also explored the potential role of active commuting in helping commuters 
to better manage their daily stress, so that active commuters might have weaker daily reactions to 
certain daily stressful life or work conditions (e.g., stressful life events), as compared to non-




We recruited participants from a large organization in the Western United States.  Participants 
were required to have two-plus years of job tenure at the organization, work 30+ hours per week 
(day shifts only), and either be in a live-in relationship or have dependent children at home. 
Participants were also required to consistently either drive, walk, or bike to work, and non-active 
commuters were required to exercise for 30 minutes or more on at least four days per week, 
which would allow us to examine if the impact of active commuting differs from that of regular 
exercise.  The final sample (n = 60) included n = 29 active commuters (bikers and walkers) and n 
= 31 non-active commuters (drivers).  Participants completed informed consent and a baseline 
survey at initial recruitment.  Each participant then completed two online daily surveys each 
workday for one week (five consecutive workdays).  The first survey was completed in the 
morning at work, and included questions about the person’s commute and psychological 
measures (see Table 1 below for a complete list of measures included in each survey).  The 




to participants, and either sent a text message or an email to remind participants to take each 
daily survey.  In addition to survey measures, we collected saliva samples from participants to 
assess daily cortisol profiles.  We provided each participant with instructions and a kit for 
collecting saliva samples.  Participants provided saliva five times a day for five workdays: before 
rising from bed in the morning, 30 minutes after rising from bed, before lunch, before dinner, 
and before bed.  Participants received $50 and entry into a drawing for supplemental 
compensation for completing all cortisol samples and daily surveys. 
 
The dataset includes both baseline variables and nested, daily-diary variables, and we used a 
combination of correlations and multilevel modeling to examine these hypotheses in Mplus 5.21 
and SPSS24.0.  The variables about individual characteristics were defined at Level 2 or 
between-person level while the daily state variables were defined as Level 1.  For instance, a 
person’s commute mode (e.g., active) represents a Level 2 variable, and a person’s cortisol 
activities or survey responses for the day (e.g., work-to-family conflict) represent Level 1.  This 
design allowed us to examine the between- and within-person effects of our proposed 
relationships.  For moderation analyses, Level 1 person-mean centering was used to create 
interaction terms. 
 
We tested for between groups (active vs. non-active) differences on all baseline measures and 
demographic variables. The only measure or demographic that approached statistical 
significance was age, with active commuters (mean age = 35.9) tending to be younger than non-
active commuters (mean age = 40.6) at a statistical level of approaching marginal significance (p 
= .11). While controlling for too many variables would substantially reduce statistical power 
with a sample of n=60, each model included controls for covariates that have potential impacts 
on outcome variables: age, gender, marital status, baseline physical activity levels, baseline 
average commuting time, whether or not the participant was taking blood pressure medication, 
and baseline life events stress. 
 
2.3 RESULTS 
Participant data collection compliance was very good. We received 1485 of the expected 1500 
cortisol samples (99%). Survey response rates were similarly high. Participants completed 294 of 
the 300 expected daily surveys at work (98%), and 289 of the 300 expected daily surveys at 
home (96.3%). 
 
Compared to non-active commuters, active commuters had significantly lower person-level 
FWC (ß = -0.27, p < .05).  Consistent with the results in Table 4, we found that active 
commuting was beneficial to the management of person-level overall job stress and mean FWC 
scores from daily surveys at a marginally significant level (ß = -0.20 and -.23, p = .10 and .09, 
respectively), with a similar set of covariates controlled.  There was a significant correlation 
between person-level WFC and mean daily cortisol volume (area under the curve; r = -.29, p < 
.05), which means that average daily cortisol awakening response was lower when WFC was 
higher.  There was also a significant correlation between mean volumetric cortisol awakening 
response and person-level general life stress (r = .28, p < .05; correlation matrix, Table 5), which 
means that general stress increased as a person’s average daily cortisol volume increased (i.e., an 
individual generally has more difficulty regulating cortisol to a lower level toward the end of the 





Regarding the exploratory analyses, the cross-level moderation was significant for the 
relationship between stressful life events and WFC.  Specifically, there was a buffering effect of 
being in the active group such that more stressful events lead to a decrease in WFC while the 
opposite was true of those in the non-active group.  Simple slopes analysis is shown in Figure 2.  
 
Table 4 





 Active  
 
Non-active 
n Mean SD n Mean SD 
Baseline          
Work to family†  29 2.44 0.97  31 2.55 0.95 
Family to work*  29 1.86 0.68  31 2.25 0.98 
General stress  29 9.00 3.01  31 9.81 3.43 
Job stress†  29 3.21 0.74  31 3.52 0.80 
Daily          
Work to family  29 2.27 0.77  31 2.19 0.92 
Family to work  29 1.73 0.68  31 1.94 0.74 
General stress  29 2.50 0.70  31 2.58 0.78 
Job stress  29 10.41 2.70  31 10.00 3.24 
AUCg  27 335.68 97.90  30 363.53 136.86 
AUC1*   27 49.94 54.04  30 65.23 96.00 
Note. AUC variables are measured in nmol/L per minute.  AUCg = Area under 
the curve with respect to total cortisol output, AUC1= Area under the curve 
with respect to cortisol awakening response. 
† = p < .10 





Study 2: Multilevel descriptive statistics for cortisol and focal variables 
  Mean SD 1 2 3 4 5 6 7 8 9 10 11 
Baseline Variables              
1. Active   0.48 0.50 -           
2. Work to family  2.50 0.95 -.06 -          
3. Family to work  2.05 0.86 -.23 .375** -         
4. General stress 9.42 3.23 -.13 .126 .061 -        
5. Job stress 3.37 0.78 -.20 .490** .191 .380** -       
Daily Variables              
6. Work to family  2.23 0.85 .05 .670** .390** .180 .403** - -.114 -.109 -.124 -.009 -.031 
7. Family to work  1.84 0.71 -.15 .435** .611** .096 .335** .630** - .009 .103 .008 .029 
8. General stress 10.20 2.97 -.05 .381** .342** .212 .704** .439** .441** - .029 -.080 -.061 
9. Job stress 2.54 0.74 .07 .340** .275* .546** .456** .526** .414** .411** - .000 -.046 
10. AUCg 350.34 119.78 -.12 -.289* -.167 -.037 -.061 -.241 -.148 -.195 -.151 - -.112 
11. AUC1 57.98  78.66 -.10 -.145 -.020 .276* .096 -.169 -.081 .026 .081 .263* - 
Note. Within day correlations are shown in the upper triangle.  Active = 1 Non-active = 0. AUCg = Area under the curve with 
respect to total cortisol output, AUC1= Area under the curve with respect to cortisol awakening response. 
** Correlation is significant at the 0.01 level (2-tailed). 










































2.4 DISCUSSION AND CONCLUSIONS  
 
The results suggest that active commuting benefits individuals through associations to lower job 
stress, life stress, family-to-work conflict and work-to-family conflict, and lower cortisol volume 
with respect to change in the cortisol awakening response.  However, these results were 
marginally significant for family-to-work conflict and job stress.  Nevertheless, the results imply 
that those choosing active commute modes may benefit their well-being, and that employers may 
have an interest in promoting these commuting behaviors.  Marginally significant results and 
lack of significant findings for daily fluctuations of focal phenomena underscore some 
limitations of our study.  It may be that active commuting influences individuals’ daily well-
being and work behavior in a way that the present research lacked the statistical power to detect 
or the design to understand.  Future research should seek to expand the set of variables to other 
work factors such as work engagement or interactions with coworkers to assess the influence that 
mode choice exerts over commuters’ daily work behaviors.  Similarly, future research should test 
the processes and contingency factors underlying the associations between focal phenomena, 
which might reveal how active commuting influences daily fluctuations in well-being and 
behavior. 
 
3.0 OVERALL DISCUSSION 
 
The most long-lasting potential impact of this research is that it brings a holistic view of 
individual resource allocation between work roles, non-work (including family) roles, and 
commuting into travel behavior research. Current transportation research rarely takes work stress 
and non-work demands into consideration while predicting travel behavior; this research 
attempts to fill the gap by acknowledging the key role that life stress (work and non-work) may 
play in daily commute decision making. This research used both firsthand data collected via 
daily diary design and existing, large-sample, national travel survey data. This design allowed us 
to make strong conclusions regarding our research questions because it ensured both internal and 
external validity by capturing day-to-day dynamics in resources allocation and daily influence of 
active commuting on commuting workers’ health and work outcomes, and taking advantage of a 
large, representative sample in producing findings generalizable to larger populations. 
 
The results carry a few, notable, theoretical and practical implications.  Theoretically, the 
interactions between commute, work, and family domains shed light on how these domains may 
influence each other during mode choices.  In so doing, we cast new questions relative to the 
current, dominant, mode-choice models that include subjective criteria such as family 
characteristics (e.g., Stern & Richardson, 2005).  That these choices carry significant impact on 
work and well-being outcomes further highlight the need to understand how commute decisions 
influence people’s daily lives.  Although a paucity of research exists comparing mode choices 
relative to work, family, and well-being outcomes, the results from our Studies 1 and 2 
underscore the need for more research that investigates mode choice from a criteria perspective.  
More than that, although a comparative MNL model was not feasible in the current study, the 
apparent differences in mode share and correlations between focal variables across the overall 
population and the low-SES population in Study 1 suggest that mode-choice models should 
make affordances for the economic considerations inherent in commute mode choices.  Beyond 




being, work outcomes, and active commute promotions.  More research is needed to uncover 
these potential influences. 
 
Findings from this proposed study also have important implications for workers, employers, and 
stakeholders such as transportation agencies and planners. Specifically, workers who have access 
to more than one commute mode may be able to make more informed decisions from learning 
about our study findings—that is, the health, safety, and work performance implications of 
different modes and how their state of stress from different life roles may influence their decision 
on commute mode.  Further, upon learning about our study findings, employers can be more 
motivated to devise organizational policies (e.g., offer on-site childcare, allow flexible work 
schedules, promote proactive commute cultures, provide bike racks, etc) in efforts to help 
workers manage multiple life roles (e.g., work, family, school, volunteering). Such efforts will 
ultimately facilitate workers’ choice of commute modes with better outcomes for their health, 
safety, and productivity, and better outcomes for organizations’ bottom line and cost 
management related to employee health and retention. Finally, our research findings will inform 
transportation agencies, planners, and advocacy groups. For transportation agencies and 
planners, providing less-stressful commute options with capacity to help workers manage 
multiple life roles (e.g., having frequent public transit lines with stops at childcare facilities) may 
be viable strategies to facilitate usage of commute modes that benefit the performance and safety 
of the transportation system. For advocacy groups (including local agencies such as Bicycle 
Transportation Alliance and BikePortland.org), study results will inform policy 
recommendations, impact strategies for recruiting new bicycle commuters, and help determine 
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Study1: Descriptive statistics for variables included in analyses 
Variables M SD 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 
Demographics                         
1. Femalea .47 .50                       
2. House incomed 3.04 2.25 .00                      
3. Age 44.8 13.1 .05 .25                     
4. Studenta .05 .23 .05 -.05 -.29                    
5. Collegea .68 .47 .06 .28 .00 .05                   
6. Caucasianb .83 .38 -.04 .04 .02 -.02 -.02                  
7. Blackb .11 .32 .06 -.03 .02 .03 -.02 -.77                 
8. Hispanicb .13 .34 -.05 -.15 -.10 .00 -.26 .13 -.11                
Work Demands                         
9. Job changea .03 .16 .02 .01 .01 .02 .02 -.01 .00 .02               
10. Full-time worka .82 .38 -.19 .16 -.02 -.11 .10 .01 -.02 -.01 .01              
11. Work hoursc 8.17 2.44 -.09 .13 -.02 -.05 .07 .01 -.01 -.03 .00 .35             
12. Multiple jobsa .11 .31 .02 -.01 .01 .02 .05 .03 .01 -.04 .00 .05 .01            
Family Demands                         
13. Cohabitationa .59 .49 -.12 -.13 .04 -.13 .08 .12 -.18 -.05 .00 .11 .07 -.01           
14. Spouse worksa .42 .49 -.01 -.03 -.01 -.07 .11 .10 -.12 -.07 .00 .06 .04 .02 .71          
15. Child count .88 1.13 -.05 -.37 -.35 .06 -.07 .03 -.08 .08 -.01 -.02 -.02 .00 .30 .20         
16. Child age (avg) 5.77 8.01 .07 -.22 .13 -.09 -.05 -.01 -.03 .07 .01 .01 .01 .00 .22 .15 .26        
17. Childcare hrsc 1.11 2.19 .07 -.21 -.20 .02 .01 .04 -.06 .03 -.01 -.05 -.15 -.02 .21 .17 .46 .10       
18. Adult-careac .06 .25 .01 -.02 .03 -.02 -.02 -.02 .03 -.03 .04 .01 -.03 .00 .05 .05 .00 .04 .01      
19. Homecare hrsc 1.10 1.29 .21 -.02 .14 -.06 -.05 .05 -.06 .04 -.01 -.13 -.31 .01 .02 .06 .00 .10 .08 .00     
Commute Demand                         
20. Commute hrsc .77 .61 -.11 .03 .02 -.04 .03 -.02 .02 .02 .00 .07 .02 -.01 .08 .03 .01 .00 -.05 -.01 -.08    
Commute Modes                         
21. Autobc .95 .22 .05 .00 .04 .01 .02 .06 -.07 -.04 -.05 .03 .03 .02 .08 .06 .04 .08 .03 .03 .02 -.11   
22. Transitbc .02 .15 -.04 .02 -.05 -.03 .03 -.09 .09 .03 .01 .00 .00 -.04 -.04 -.04 -.03 -.06 -.04 -.02 -.04 .22 -.69  
23. Activebc .03 .16 -.04 -.02 .00 .01 -.05 .01 .00 .02 .06 -.04 -.05 .01 -.07 -.04 -.02 -.05 .01 -.01 .01 -.06 -.71 -.03 
Note. Bold = p < .05, Bold = p < .01, activity variables. Estimators and state dummies are excluded. Commute mode dummies illustrate correlations independent of 
modelling. M = mean; SD = standard deviation. 
a Indicates a binary variable coded 1 = yes and 0 = no 
b Indicates a dummy variable 
c Indicates an activity variable measured on the diary day 






Study 1: Subgroup (low SES) descriptive statistics for focal variables 
Variables M SD 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 
Demographics                         
1. Femalea .46 .50                       
2. House incomed 3.37 1.48 .11                      
3. Age 47.5 14.9 .31 .17                     
4. Studenta .17 .38 .11 -.18 -.43                    
5. Collegea .51 .50 -.10 .07 -.28 .16                   
6. Caucasianb .65 .48 .03 -.04 .09 -.02 -.01                  
7. Blackb .32 .47 .02 .05 -.06 -.00 -.02 -.94                 
8. Hispanicb .13 .34 -.11 .07 -.03 -.10 -.21 .19 -.17                
Work Demands                         
9. Job changea .01 .12 .01 -.12 -.05 -.08 -.00 -.04 .05 -.04               
10. Full-time worka .58 .49 -.15 -.07 -.22 -.10 .00 -.01 .01 -.07 -.02              
11. Work hoursc 7.29 2.83 -.16 -.02 -.19 -.06 .00 -.12 .11 -.01 -.01 .40             
12. Multiple jobsa .11 .32 .02 -.07 .01 .06 .04 -.02 -.03 -.03 -.05 .24 .11            
Family Demands                         
13. Cohabitationa .00 .00 - - - - - - - - - - - -           
14. Spouse worksa .00 .00 - - - - - - - - - - - - -          
15. Child count .00 .00 - - - - - - - - - - - - - -         
16. Child age (avg) 10.7 5.71 .07 -.15 .85 - -.49 -.27 .36 .24 -.62 -.09 .42 .25 - - -        
17. Childcare hrsc .20 1.25 .06 .03 .06 -.07 -.02 .01 -.01 -.05 -.02 .06 -.06 .09 - - - .00       
18. Adult-careac .08 .27 -.11 -.10 -.00 .02 -.09 .01 .01 -.11 -.03 .05 -.15 .08 - - - .04 .25      
19. Homecare hrsc .80 1.11 .21 -.01 .25 -.08 .02 .20 -.19 .03 -.08 -.14 -.34 .03 - - - .02 .21 .03     
Commute Demand               - - -        
20. Commute hrsc .79 .63 -.13 .12 .06 -.13 .07 .04 -.06 .24 -.12 .09 .07 .04 - - - .06 -.14 -.01 -.12    
Commute Modes               - - -        
21. Autobc .84 .36 .02 -.03 .05 .07 .10 .20 -.22 -.09 .05 .04 .05 .11 - - - -.06 -.07 .07 .05 -.29   
22. Transitbc .09 .29 .03 .11 -.00 -.06 -.01 -.14 .16 .09 -.04 .02 -.02 -.12 - - - .11 -.39 -.03 -.08 .42 -.75  
23. Activebc .06 .24 -.06 -.09 -.07 -.04 -.14 -.13 .14 .03 -.03 -.08 -.04 -.02 - - - -.04 .37 -.08 .02 -.07 -.60 -.09 
Note. Bold = p < .05, Bold = p < .01, activity variables. Estimators and state dummies are excluded. Commute mode dummies illustrate correlations independent of 
modelling. M = mean; SD = standard deviation. 
a Indicates a binary variable coded 1 = yes and 0 = no 
b Indicates a dummy variable 
c Indicates an activity variable measured on the diary day 
d Variable is normalized by household size in units of $10,000 per household member 

